ABSTRACT
INTRODUCTION
like particles (BLP) and viral-like particles (VLPs) calculated on samples TP0 to TP3 were 120 strongly correlated (R 2 = 0.65, p = 2.8e -23 ) ( Figure 1B) , with VLP counts statistically lower than 121 bacterial counts in all samples (ANOVA <=10 -4 ) and in both wet and non-wet conditions (two 122 sided non-parametric t-test p <=0.035) Figure 1C ). This is in keeping with previous research that 123 found very low VLP:bacteria ratios in the indoor environment (Prussin et al., 2015, Gibbons et al., 124 2015). In our dataset, the mean VLP-bacteria ratio was 0.86 ± 0.07, with a minimum of 0.61 and 125 a maximum of 1.02 across all samples.
127
While BLP (only estimated for TP0 to TP3 samples) and bacterial qPCR agree that wetted samples 128 had higher counts than non-wetted samples, cell counts inferred from these two methods
129
drastically differ for different material types and over time. Most notably, the MF-gypsum had the 130 greatest BLP counts but also the lowest 16S rRNA qPCR counts (6-fold or more lower than other 131 materials). Moreover, the BLP cell counts were essentially constant over time, while qPCR counts 132 steadily increased, with TP6 being 4-fold greater than TP1 and 209-fold greater than TP0 counts.
133
To further confirm the differences, we calculated the overall correlation between paired bacterial 134 qPCR and BLP counts and the results were not significant, emphasizing different biases for each 135 method.
137
For fungal qPCR we observed MF-gypsum had the lowest abundance, while all other materials 138 had a range of 20 to 118-fold increase over MF-gypsum. Wetted samples revealed a 4-fold increase 139 in qPCR read abundance over non-wetted samples. Also, the qPCR read abundance increased 140 steadily over time, in such a way that TP6 was 11-fold greater than TP1 and 750-fold greater than 141 TP0 counts.
143
Bacterial, fungal and metabolite diversity
144
The bacterial and fungal communities in our study tended to decrease in diversity over time, as 145 measured by the Shannon Index (Shannon H'), which incorporates both the richness and evenness 146 of the community. Given that our data was rarified to an even depth before analysis, this decrease 147 in diversity is indicative of the increasing relative abundance of certain community members, and
148
suggests the preferential proliferation of certain taxa in the inoculating community. In our 16S 149 dataset, wet samples experienced faster declines in diversity than non-wetted samples, and were 150 significantly lower in diversity at the end of the study than non-wetted samples (Figure 2A) , 151 suggesting that certain bacterial taxa grew quickly in the wet environment and became dominant 152 within the community. In our ITS dataset, we also observed a faster decline in diversity in wet by a small number of taxa that quickly dominated the community, followed by the growth of other Across all samples, the diversity of bacteria within the community was significantly correlated to 163 the diversity of fungi (Corr = 0.28, p=0.0003) ( Figure 3A) . Interestingly, neither bacterial nor 164 fungal diversity was significantly correlated to the metabolite diversity, perhaps because of a 165 narrower range of observed metabolite diversity compared to the taxonomic datasets. We observed 166 striking changes in the relative abundance of certain bacterial ( Figure 3B ) and fungal ( Figure 3C ) 167 genera over time, which were largely dependent on wetting condition. In the 16S rRNA dataset,
168
Bacillus almost immediately came to dominate wet samples, with an average relative abundance 169 as high as 50% after the 2 nd time point, even though it represented a negligible part of the 170 community at the start of sampling. Bacillus abundance also increased in non-wetted samples,
171
although to a much smaller extent. A similar pattern was observed for the genera Pseudomonas
172
and Erwinia, which also represented a very small fraction of community diversity at the start of 
182
The majority of reads in the ITS dataset that could be taxonomically assigned to a genus belonged unknown genera and an abundant Penicillium OTU ( Figure S9 ). Strikingly, unlike bacteria, the 247 absolute number of significant co-occurrence relationships between fungal OTUs declined in wet (555) versus non-wetted samples (1,133), which was a 104% decrease in the number of edges,
249
suggesting an inverse co-abundance response between bacteria and fungi during growth.
250
To better understand the co-associations between bacteria and fungi, 16S and ITS OTUs were co-251 correlated in a single network. A random walk-based method uncovered four distinct modules 252 within the network, with a modularity of 0.45 ( Figure 5A ). In general, the taxa present in each 253 sample tended to cluster within an individual network module (median sample association to 254 module = 0.88). We correlated various metadata factors to module membership ( Figure 5B ) and 255 observed that wetting condition had a significant impact on which samples dominated each 256 module: modules 1 and 3 were associated with wet samples, while modules 2 and 4 were associated 257 with non-wetted samples ( Figure 5C ). Location 1 samples dominated module 3, while Location 2 258 samples dominated module 1 (Figure 5D ). Overall, wetting condition appears to be the most 259 important factor driving community succession, resulting in two different community structures 260 even when the source community is identical. We also visualized the nodes that were assigned to 261 the genera previously discussed in Figure 3 . Nodes in the bacterial genera Bacillus, Pseudomonas,
262
and Erwinia, as well as the fungal genus Penicillium, were nearly exclusively enriched in the two 263 wet-associated modules (1 and 3), while chloroplast reads and Eurotium nodes all clustered within 264 the non-wetted modules (2 and 4; Figure 5E ).
265

Metabolite network co-occurrence
266
A co-occurrence network correlation was calculated for the sample metabolite profiles (Figure 6 ).
267
As these data are not compositional, we built this network using significantly positive Spearman
268
correlations between nodes and included only the 1,000 most abundant metabolites in the dataset.
269
This resulted in a network with 149,316 edges (density = 0.30) when the significance threshold
270
(alpha) was set to 0.001. Using the same module discovery method described above, we uncovered 271 7 distinct modules (modularity = 0.32), excluding 12 metabolites around the periphery of the 272 network that clustered into modules of <5 nodes. Three modules (3, 4, and 7) were significantly 273 correlated with wet samples, while modules 1, 2, 5 and 6 were associated with non-wetted samples.
274
There was almost no correlation between network modules and inoculating locations, further Aspergillus niger (Isogai et al., 1975) . Nigragillin abundance was significantly enriched in wet
308
MDF and OSB samples (505-and 280-fold, respectively) compared to non-wetted samples.
309
However, no significant differences in nigragillin were observed for gypsum or MF-gypsum. In 333 and 595-fold respectively more abundant than the average content for the other three materials,
332
and as such are likely some of the active compounds in MF-Gypsum.
334
Microbe-metabolite co-occurrences
336
The abundances of Nigragillin and Fumigaclavine C were each significantly positively correlated while duplicates of previously un-swabbed samples were also swabbed periodically (at TP0, TP2,
516
TP4, and TP6) for comparison. Two samples ('TP0' and 'TP0 duplicated') were also swabbed at 517 every time point to investigate whether repeatedly swabbing the surfaces impacted the results.
518
Duplicates of both previously swabbed and previously un-swabbed samples were also included to 519 investigate whether or not natural inoculation and subsequent growth was evenly distributed across 520 multiple coupons. Figure S1 illustrates the experimental setup and Figure S14 shows 
DNA extraction and sequencing
581
To perform DNA extraction, the Qiagen DNeasy Powersoil HTP kit was used with a modified 582 protocol optimized for low-biomass samples. Swab tips were inserted into each well of the bead 583 plate, and then cut off using a sterilized wire cutter. The manufacturer's protocol was then 584 followed, with the following modifications: before cell lysis, the bead plates (containing beads,
585
bead solution, swabs, and the C1 solution) were heated for 20 minutes at 60°C in a water bath.
586
Additionally, the protocol steps using solutions C2 and C3 were combined into a single step, by 587 adding 150 μl each of C2 and C3 together to the lysed sample in the 1 ml plate.
588
The DNA obtained from the DNA extraction was used for both high-throughput 16S/ITS gene (and therefore the number of organisms per swab), a standard curve was generated using a 612 serial dilution of a plasmid containing the E. coli 16S rRNA gene.
614
Treatment of Technical Replicates
615
We used Mantel test to determine whether the bacterial communities on replicate tiles (tiles on the 616 same tray sampled at the same time) significantly resembled each other and preserved patterns of 617 beta-diversity. We began by calculating the Bray-Curtis dissimilarity between each pair of samples 618 taken from the same tile type using the beta_diversity.py function from the software QIIME 1. replicates.
628
Rarefaction and statistical analyses 629
After sequencing and sample merging, bacterial and Fungi OTU tables were rarefied to 1,000 and 630 10,000 reads respectively for statistical analyses. Rarefaction and statistical analyses were 631 performed using R.
632
Random forest analyses
633
Random forest models were implemented using the "randomForest" R package. Samples from 634 timepoint 0 were removed from the dataset. Models were built with 1000 trees and 10-fold cross 635 validation. For each of the 10 models for each metadata criterion, a randomly drawn 70% of 636 samples (100 samples) were used for model training and the remaining 30% (44 samples) were 637 used for validation.
638
NMDS
639
We visualized sample similarity using non-metric multi-dimensional scaling (NMDS) ordination 640 based on Bray-Curtis dissimilarity. Metadata vectors were fit onto the ordination using the envfit 641 command in the Vegan R package. We converted material, location, and wetting condition into 642 dummy variables (1 = yes, 0 = no) and, in the case of the bacterial and fungal datasets; also fit 643 vectors of relative abundance for the common genera described in Figure 3 . We assessed 644 significance of each of the vectors using 10 5 permutations, and removed non-significant vectors 645 from the figure. The R 2 values for each vector and their significance is presented in Table S1 646
Co-occurrence networks
647
Traditional correlation networks are unsuited to genomic survey data as these data are relative,
648
rather than absolute, measures of community composition. Since the relative abundances of all 649 taxa within each sample must sum to 1, the fractions are not independent and will often exhibit 650 negative correlations to each other regardless of the true correlation in absolute abundance. To 651 avoid these compositional effects, we generated our networks using SparCC (Friedman & Alm, walks within the network) as our method of community inference due to its computational 673 tractability and its accuracy at uncovering subgraphs regardless of network size (Yang et al., 2016) .
674
We used random walks of four steps, which resulted in four distinct modules with a network 
884
The stress on the NMDS plot is indicated in the rightmost plot in each row error Table S1 : ANOSIM results calculate the factors significantly correlated with differences in the microbial communities across our three datasets, Bacteria, fungi, Metabolomics 
